RMSE -root-mean-square error Gaussian diffusion may be particularly appropriate for skeletal muscle, given that it exhibits 22 23 restrictive cellular architecture, and develops microstructural changes in response to resistance 24 25 training, pathologies, and age-related sarcopenia (4, 5) . Clearly, this approach shows great 26 potential for studying skeletal muscle ultrastructure, though the current literature is sparse (6, 7).
28
When applying new diffusion analysis models, it is important to consider possible sources 29 30 of error in parameter estimation. Noise has a deleterious effect on diffusion parameter 31 32 estimation, as has been demonstrated for Gaussian models (8-10) and, to a limited extent, for 33 non-Gaussian models (11). However, a heretofore neglected area of study is the effect of lipid 35 signals on non-Gaussian diffusion models. Fat poses two main problems for diffusion analysis in even with optimal fat suppression, water present in adipose tissue can give rise to partial volume 42 effects and associated errors (9, 13, 14) . The former of these two effects is frequently 43 44 overlooked, and will receive thorough treatment here.
23
Secondly, we explore the effect of noise and lipid signals on parameter estimates in well as providing normative diffusion parameter estimates in healthy skeletal muscle. 
Candidate Diffusion Models

39
The functional forms for the models evaluated are: where S is the observed signal, S0,muscle is the signal from muscle at b = 0, ADC is the apparent 46 47 diffusion coefficient, and ε is a baseline offset used to mitigate bias from residual fat. 
28
1 f  C  1 and C muscle are relaxation correction factors for blood and muscle, given by C blood  expTE T 2,blood   1 expTR T 1,blood   ,
36
C muscle  expTE T 2,muscle   1 expTR T 1,muscle   , 1412 ms, and T 2,muscle = 45 ms, respectively (23). Once fp′ has been determined, the diffusion 42 43 fraction, fd, is simply corrected to fd′ by 100 − fp′. 44 
46
Accuracy, Precision, and Model Goodness-of-Fit 47 48 In this work, the accuracy and precision of diffusion model parameter estimates are reported as 49 50 the relative bias and dispersion, respectively: For all experiments, the monoexponential, SX, and kurtosis diffusion models were fit to data for 276, 381, 525, 725, 1000, 1380, 1904, 2627 , 3624, and 5000 s/mm 2 using the 'lsqcurvefit' quadratic term while neglecting higher-order terms (6, 25) .
40
The IVIM model was fit to data for b = 0, 10, 18, 33, 60, 110, 276, 381, 525, 725 , and 1000 42 s/mm 2 using a multi-step approach whereby (1 f 
48
In vitro and in vivo, diffusion signal decays were calculated from regions of interest (ROIs), 49 50 and fit with Equations 1−4. Pixel-by-pixel parameter maps were calculated solely to visualize 51 52 the spatial variation of parameters, and were not used for quantification. Simulations were used to determine the effect of noise and fat on the accuracy and precision of 6 7 diffusion parameter estimation in skeletal muscle. Firstly, diffusion signal decays were generated  α = 1.0, 0.9, and 0.8.
23
Constant baseline offsets, ε, were added to these data to produce fat signal fractions of fractions was chosen to correspond to values seen experimentally with typical DWI acquisitions.
28
Constant offsets were used to reflect the fact that fat's ADC (~2×10 -5 -4×10 -5 mm 2 /s) is 30 approximately two orders of magnitude smaller than that of water (28).
32
For each fat fraction, zero-mean Gaussian noise, with standard deviation (SD) σ, was added 33 34
to both the real and the imaginary parts of the complex signal to produce a range of SNRs,
36
defined as S 0
37
 . Magnitude data were generated for SNR = 1−50, in steps of 0.25, each with 38 1000 noise realizations, and noiseless data were generated for the case of infinite SNR.
40
To investigate fitting functions for fat and noise compensation in DWI data, the 41 42 monoexponential, SX, kurtosis, and IVIM models were also applied with no offset terms, with Imaging was conducted on a Philips Achieva 3.0T X-series system (Philips Healthcare, Best,
52
The Netherlands) equipped with Quasar Dual gradients (80 mT/m maximum amplitude, 100
53 54
mT/m/ms slew rate), with a 32-channel cardiac coil for signal reception and a quadrature body 55 56 coil for transmission.
58
The following scans were performed both in vivo and in vitro:  Multiecho two-point Dixon (mDIXON) , to acquire high-resolution water and fat images plane resolution = 1 mm × 1 mm, slice thickness = 5 mm, and sensitivity encoding (SENSE) logarithmically-spaced b-values (0, 10, 18, 33, 60, 110, 276, 381, 525, 725, 1000, 1380, 1904, 19 2627, 3624, and 5000 s/mm 2 ), and diffusion sensitization in the slice and readout directions.
21
To evaluate fat suppression quality, a total of 16 DWI datasets were acquired, applying the
23
following fat suppression configurations with diffusion sensitization in the slice and readout suppression modules as they appeared in the sequence. T1 and T2 relaxation times (23), diffusivity (5), and conductivity similar to muscle tissue (34).
The outer chamber was filled with corn oil (Mazola), to give a lipid spectrum similar to that of subcutaneous fat (33).
27 28
In-Vitro Imaging Protocol. The phantom's long-axis was aligned with the magnet bore, and 29 30
its B0 homogeneity was optimized using a projection-based shimming algorithm. applied over the whole phantom to produce broad spectral lines to challenge fat suppression.
51
Each session lasted approximately 75 minutes.
53
All fat suppression combinations were quantitatively assessed using ROIs drawn on b = were obtained in 10 additional volunteers (all male, median age = 40, range = 27-78 years), with 6 7 diffusion gradients applied in the slice direction in all 10, and in the readout direction in 8.
9
Intra-and inter-session repeatability of DWI were assessed for both diffusion directions in 5 10 of these participants, using Bland-Altman analysis. 
Numerical Simulation Results
23
Analyses of fitting functions with no offset terms, with baseline offset ε, and with an offset plus showed a bias (dispersion) in α of ~6% (~8%), while kurtosis showed a bias (dispersion) of −14 54 55
(20)% for K = 3.0, −8 (12)% for K = 3.3, and −1 (1)% for K = 3.6. As fat fraction increased, the bias in diffusion coefficients decreased at low SNRs, and cases, indicating the difficulty in suppressing olefinic fat along with aliphatic fat. The water 37 signal showed less than 2% attenuation for all fat suppression configurations (data not shown).
39
The phantom's gel compartment showed monoexponential diffusion, with a measured α = repeatability measures. Fig. 8 shows ROI-planning, maps for parameter visualization, and quality control images.
In the hamstring muscles, the mean (SD) SNR in two participants was 39.7 (8.8). All models measured larger diffusion coefficients in the slice direction, parallel to muscle fibers, being consistently suppressed across the field-of-view.
19
Fig . 7 highlights the increased bias in diffusion parameters in vivo as compared to in vitro.
21
All diffusion coefficients showed similar, substantial biases in the presence of fat contamination. mean (SD) α = 0.94 (0.04) and K = 3.27 (0.13). The SX model also gave the best fit to the data,
with a substantially smaller RMSE than other models.
19 Table 1 shows that diffusion coefficients were similarly repeatable for all models, with mean 20 21
intra-and inter-session differences ≤4%, and lines of zero difference, indicating perfect To our knowledge, this study is the first to investigate the effect of fat signals and fat suppression (9, 13, 14). These works also used the diffusion tensor model, and are thus inherently low b-
value, monoexponential studies. Our work considers only isotropic diffusion models, as non-
Gaussian models have still seen little penetration into tensor formulations; however, extending 49 this work to the tensor model would be a valuable next step.
51
We have demonstrated here that conventional and non-Gaussian models are sensitive to signals can be present; our data show triple-fat-suppressed water-fat ratios of the order of 1−5%
10
(data not shown) and SNRs of around 40, where it is appropriate to use an offset. Conversely,
12
when applied in a low fat-fraction, low-to-middling SNR regime, the offset produces a small, however, bmax must be chosen judiciously to avoid noise bias (6).
21
SX and kurtosis models require b-values up to 5000 s/mm 2 to characterize signal persistence -values (20, 25) , which may be modeled in part by incorporation of an offset.
25
Monoexponential and IVIM models, however, are frequently applied with bmax of 1000 s/mm or 26 less, and are thus subject to large biases when fat is present. This could account for reported 27 28 inconsistencies in muscle diffusion measures with aging (36). For example, Galbán et al.
30
reported a reduction in calf muscle diffusion coefficients by up to 10% in older participants (5). aging (37), and should be carefully considered when interpreting diffusion coefficient changes. The quantification of non-gaussian water diffusion by means of magnetic resonance imaging. muscles (see Figure 9 ). Data are obtained from triple fat-suppressed images with diffusion-sensitization in the slice-select (parallel to 36 muscle fibers) and readout (perpendicular to muscle fibers) directions. Measurements are quoted as mean (SD) over all participants.
37
Intra-and inter-session repeatability are described in 5 participants by Bland-Altman measures: namely, mean difference (MD), and for infinite SNR; fat signal fractions are shown on the y-axis, (0−25% in increments of 0.125%).
49
The color lookup where water and fat signals were clearly visible, using the red, pale green, and pale blue ROIs shown in Fig. 3 . Signal intensities were measured in shifted fat and agarose gel for each fat suppression combination, and are expressed as mean water:olefinic-fat and water:aliphatic-fat ratios in the bar plot shown. All fat suppression combinations were applied in series and repeated coefficient, α = stretching parameter, DDC = distributed diffusion coefficient, and K = kurtosis. interest (ROIs) within the phantom. In these images, olefinic fat signal is shifted up slightly,
16
while aliphatic fat signal is shifted down to a much greater degree, due to its large chemical shift parameter maps from all four diffusion models are shown in the bottom two rows of the figure.
21
The third row shows maps generated from the non-fat-suppressed diffusion-weighted images olefinic fat (pale blue) and aliphatic fat (pale green) alone, for calculation of water-fat signal 31 32 ratios (Fig. 4) , and in gel contaminated with olefinic fat (dark blue) and aliphatic fat (green), to 33 evaluate the effect of fat contamination on parameter estimation (Fig. 5) . Uncontaminated (right-hand column, G); namely, from the green, dark blue, and red ROIs illustrated in Fig. 3 .
30
Gel-only parameter values obtained from well-shimmed, non-fat-suppressed data were taken as 31 32
the reference values, and thus the top-right cell of each 'Shim 1' plot has an error of 0%. These contaminated by shifted aliphatic fat (green), and uncontaminated hamstring muscles (red) to 8 9
evaluate the effect of fat contamination on model parameter estimation (Fig. 7) . As shown, maps were generated from data with a signal-to-noise ratio (SNR) of 45, and are organized by left, and some example parameter maps from all four diffusion models are shown in the bottom two rows of the figure. The third row shows maps generated from the non-fat-suppressed diffusion-weighted images
36
(left-hand arrow), and the fourth row shows maps from data obtained with a combination of water-specific 37 excitation (WSE), spectral attenuated inversion recovery (SPAIR), and slice select gradient reversal (SSGR)
38
fat suppression methods (right-hand arrow). Images were acquired in the axial plane with diffusion 39 sensitization in the slice direction. ROIs were defined in shifted olefinic fat (pale blue) and aliphatic fat (pale 40 green) alone, for calculation of water-fat signal ratios (Fig. 4) , and in gel contaminated with olefinic fat (dark 41 blue) and aliphatic fat (green), to evaluate the effect of fat contamination on parameter estimation (Fig. 5) .
42
Uncontaminated agarose gel (red) is used as a reference for both of these analyses. As shown, shifted differences. In this case, the muscle signals contain contributions from intramuscular fat, and thus the best measure of pure muscle parameters is obtained when all 3 fat suppression methods are applied together.
56
Parameter biases appear large in muscle, even where there is no visible fat signal; however, the addition of -values were used: 0, 276, 381, 525, 725, 1000, 1380, 1904, 2627, 41 3624, and 5000 s/mm 2 for monoexponential, stretched exponential, and kurtosis models ; and 0, 10, 18, 33, 42 60, 110, 276, 381, 525, 725, and Non-Gaussian diffusion models are seeing • Monoexponential:
27 28 where S is the observed signal, S0,muscle is the signal at b = 0, and ADC is the apparent diffusion where DDC is the distributed diffusion coefficient and α is the stretching parameter, with 37 0    2.
38 39
• Kurtosis:
43
where K is kurtosis, with K  1, and K  3 indicates monoexponential diffusion.
45
• Intravoxel incoherent motion (IVIM): 
24
Constant baseline offsets were added to these data to produce fat signal fractions of 0−25%, being chosen to correspond to values seen experimentally with a typical DWI acquisition.
29
For each fat fraction, zero-mean Gaussian noise, with standard deviation (SD) σ, was added 31 to both the real and the imaginary parts of the complex signal to produce a range of signal-to- infinite SNR.
38
Data were then fit using each of the functions described in the 'Modeling of Lipid and Noise
40
Signals' section, using the same set of b-values listed in the main text: 0, (IVIM 10, 18, 33, 60, 41 42 110), 276, 381, 525, 725, 1000, 1380, 1904, 2627, 3624, and (Supp. Fig. 3 ). This may be due to the K parameter fitting the lipid baseline-an interpretation 50 that is supported by the concomitant increase in K estimation bias for these data. Generally, the Turning to the SX model's α parameter (Supp. Fig. 2 ), this showed trends in estimation bias that were similar to those for the diffusion coefficients, with bias worsening with increasing bmax.
The dispersion in α was small and consistent across the bmax range.
For the IVIM model (Supp. Fig. 4 Baseline Offset. After adding a baseline offset parameter, without a noise term, ADC and DDC estimates were relatively unbiased for all fat-fractions. However, a bias was observed at low SNRs and low fat fractions, particularly for monoexponential ADC (Supp. Fig. 1.) and SX DDC (Supp. Fig. 2 ), where this effect persisted up to SNR~30. Dispersion in diffusion coefficient estimates was generally larger when a baseline offset parameter was included; however, higher bmax values provided a better baseline fit, with dispersions at bmax = 5000 s/mm 2 being similar to those for data fit with no baseline offset or noise parameters.
Much like for diffusion coefficient parameter estimation, addition of an offset mostly eliminated fat-related bias in α and K (Supp. Figs. 2 and 3) ; however, the minimum SNR needed to avoid large dispersion increased when an offset was added, particularly for low values of bmax.
Furthermore, for K, the addition of an offset flipped the bias polarity-leading to strong, negative biases at low SNRs, particularly for low bmax values.
Adding a baseline offset to the IVIM fitting function caused the polarity of the D * estimation bias to flip at low SNRs (Supp. Fig. 4 ), becoming strongly positive; however, at high SNRs it was performed similarly to the base IVIM fitting function. The dispersion in D * was similar in magnitude to that in data fit without a baseline offset. Fat fractions of 10% or greater led to a large negative bias and small dispersion in D * estimation, producing large errors in D * .
Noise Correction. Upon fitting with both a baseline offset and a noise parameter, ADC and DDC estimates became slightly more sensitive to fat-related bias versus fitting with an offset alone, though the noise related bias at 0% fat was reduced. For monoexponential ADC (Supp. The use of baseline offset and noise parameters also slightly increased the sensitivity of α to fat-related bias at higher fat fractions, but the bias at low fat fractions was improved (Supp. Fig.   2 ). Dispersion was similar to that observed for the 'offset only' model.
Addition of a noise parameter made very little difference to the bias and dispersion in K (Supp. Fig. 3 ), relative to data fit with an offset only.
Dispersion in D * estimation (Supp. Fig. 4 ) was little influenced by the addition of a noise parameter; however, the bias in D * was more similar to that seen for the base IVIM fitting function data rather than the 'baseline offset' data.
Summary. In general, diffusion parameter estimation performs well without baseline offset or noise parameters provided the fat fraction is sufficiently low, and SNR is sufficiently high. regions of interest rather than on a pixel-by-pixel basis. However, use of a baseline offset term 33 typically led to a noise-related bias at low SNRs and ~0% fat fraction, and was detrimental to D * 34 35 estimation-leading to large biases of varying sign without any improvement in dispersion.
37
Further addition of a noise parameter to DWI fitting functions mitigates the noise bias seen at 38 ~0% fat fraction with baseline offset fitting functions; however, this leads to small increase in 39 40 lipid sensitivity, with no improvement to bias or dispersion in D * estimation for the IVIM model.
42
In general, DWI fitting functions incorporating baseline offset and noise parameters may be 43 of use for data with middling SNR and low to middling fat fractions. 
Estimating the Effect of Lipids on Monoexponential Fitting in an Aging Cohort
48
Fitting the logarithm of a monoexponential signal decay using a first-degree polynomial led to consistent across the range of SNRs investigated, though it approached an asymptote at SNR ~ 5; 53 bias worsened with increasing fat fraction at the rate of -10% for every 5% fat fraction added.
55
Dispersion was more dependent on SNR, only slightly increasing as fat fraction increased.
56 57
